Abstract-In the paper, a method to track an object and acquire the 3D point cloud data of the object is proposed, because real-time tracking of an object is challenging work. A robust Bayesian framework is designed in this method for visual tracking of human motion. In this paper, a 3D bounding box is exploited to acquire the spatial range of the human body. Besides, the mapping of the coordinate relation between RGB image and point cloud data is realized through the camera calibration. The experiment results demonstrate that the method can offer a faster convergence of estimate. In addition, the prior distributions of the particles at each sample are defined based on the color histograms of the human body.
I. INTRODUCTION
In recent years, the virtual reality (VR) technology has been widely added into the use of the human-robot interaction (HRI). The typical 2D image display can no longer satisfy the more complicated requirement of the immersion of interaction, the panoramic image or 3D image has attracted people in the way of interaction. However, real-timely acquiring the 3D model of an object is a challenging task due to the complicated environment background and the rapid motions of the object. Thus, in this paper, a method to track an object and acquire the 3D point cloud data of the object is proposed.
In this paper, a framework is designed for acquiring 3D point cloud data of the human body, as shown in Fig.1 . First, the Kinect sensor is used to obtain the depth image and RGB image, two type of images can be synthesized into 3D point cloud data of the scene. A color-based particle filter to track a person within a bounding box can perform well since it can capture a majority of implementation uncertainties. So then, the RGB image severe as the input of the particle filter and a 2D bounding box is got through the particle filter. In the end, the 2D bounding box is converted to 3D bounding box through the camera calibration so that the 3D point cloud data of the human body is acquired.
Tracking the overall movements of human body have been applied into many application which range from VR to HRI, thus, the research about tracking human body movements lead to a great deal of attention among many researchers.
There are two main classes in the domain of tracking objects, i.e., bottom-up and top-down. In a bottom-up approaches the object tracked must be segmented while in the top-down approaches model-based and template matching will be used to track the objects.
A novel graph-based formulation was proposed to solving an instance of a minimum cost lifted multi-cut problem for tracking multiple persons in a monocular video [1] . A novel, accurate and practical system was designed for real-time people tracking and identification, this system generates a body skeleton for up to six people in the view [2] . The results comparing the Principal Component Analysis and Support Vector Machines approaches for tracking people was generated through through three means [3] . Obviously, there has been a lot of approaches based on the machine learning algorithm in the way of tracking the objects [4] , [5] . But in the paper, the aim of tracking people is to acquire the 3D point cloud data for compression in the future work. Thus, a real-time method of tracking a object is needed for our application.
Comaniciu et al. [6] proposed a related mean shift tracker to track object through using the multiple hypotheses and a model based on color distributions, but the related mean shift tracker is not reliable in cases of occlusions. The Gaussian mixture models are considered as relatively reliable models, many scholars regard the models as matching models. The Gaussian mixture models were employed as adaptive models to track natural objects through using motion-based tracking [7] , [8] , [9] , [10] , the application can be applied to a lot of natural image sequence of human moving within cluttered environments. Isard et al. [11] combined the Gaus-sian mixture models with the color information to use the particle filter which includes a multi-blob likelihood function. The difference between the Gaussian mixture models and the color histogram is the initialization of tracker, the model update and so on, but the color histogram is simpler.
The particle filter has been successfully implemented to tracking targets in a complicated environment, but this applications was based on an accurate model of the targets. The blob detectors has been combined with particle filter through using the importance sampling with an accurate outline model of the target. The Beyesian correlation and the Markov chain Monte Carlo also have been exploited to tracking targets because they are suitable for particle filter. In the way of tacking objects through using the particle filter, in recent years, many particle filter frameworks were designed to solve the problem of the multi object tracking [12] , [13] , [14] , [15] , [16] , [17] , [18] . Changyun Choi et al. [19] proposed an approach based on the particle filter to track the 6-DOF object, the approach can be massively parallelized in a modern GPU so that several thousand particles can be processed in real-time performance. In order to detect and track people from image and depth sensors on board a mobile robot without instrumenting the environment, the RJ-MCMC particle filter was proposed [20] . LIU Meiqin et al. [21] proposed a feasible two-layer particle filter to effectively detect and track object under the strong noise environment. The mixture particle filters was proposed to track volleyball player body parts with block jump biomechanics constraint based on 3D articulated human model [22] .
In this paper, a framework for tracking an object and acquiring the 3D point cloud data of the object is proposed, which is based on particle filter that uses a dynamic model to guide the transmission of the particles. The contribution of this work is that an improved particle filter was proposed in this paper, whose particles were based on the physical constraints. Then, the framework was exploited to acquire the 3D point cloud data of the object. In the future work, the 3D point cloud data will be compressed through using a novel compression algorithm.
The structure of the paper is arranged as follows. In Section II, we review the knowledge structures of the particle filter. The experiment is carried out in section III and the conclusion is described in Section IV.
II. THE KNOWLEDGE STRUCTURE OF THE PARTICLE FILTER

A. Markov Chain
The property of the markov chain is that the next state of an object depends only on the current state and not on the previous states.
where x i , i = 1, ...n represents the state at time i.
B. Chapman-Kolmogorov Equation
The Chapman-Kolmogorov equation is regarded as the identity about the joint probability distribution of different sets of coordinates on a random process.
When there is the property of the Markovian under the stochastic process [23] .
C. Monte Carlo Method
The core thought of the particle filter is the Monte Carlo method that depends on repeated random sampling to get the real probability distribution.
Thus, each sample can be assigned to the importance weight under the prior distribution [23] .
where w(x i ) represents the weight.
D. Beyesian Theory
The Beyesian theory is a method of obtaining the posteriori probability through using the prior probability.
where p(X|Z) represents the posteriori probability, p(Z|X) represents the likelihood probability, p(x) is the prior probability. In general, x t and z t represents the state and the observation value of the object at time t respectively. X t = {x 0 , x 1 , ..., x t }, Z t = {z 0 , z 1 , ..., x t } represents the state vector and the observation value vector from the initial time to time t. The state function and observation function are represented as follows [23] .
where V t is the noise of the system and W t represents the noise of the observation value. u t represents the input of the system, if the input is ignored, u t can be left out.
E. Importance Sampling In Beyesian Networks
In order to get E(f ), N samples should be extracted from p(x), then, E(f ) can be computed through using the weight w(x). In the Beyesian networks,
where p(x t |Z t ) is the posteriori probability. Thus, sampling from the posteriori probability p(x t |Z t ) is the best operation, since the result is correct when the number of samples tend to infinity. However, sampling from the posteriori probability is very difficult in the practicality. Thus, the reference distribution of the importance probability is used to replace the the posteriori probability for easy sampling [23] .
where r(x t |Z t ) is the reference distribution of the importance probability. using the Beyesian equation, i.e.,
where the unnormalized weight is represented as follows.
p(Z t ) can be expressed as follows
Thus, the E[f (x t )|Z t ] can be expressed as follows.
Then, using the Monte Carlo method.Ē
is the ith normalized weight, x i t is extracted from r(x t |Z t ).
F. Sequential Importance Sampling
In the previous section, the Beyesian networks and its importance sampling are exploited to achieve the particles. But the particle filter will be realized by the computer. Thus, the sequential importance sampling will be proposed to obtain the task. The importance probability density function is decomposed as follows [24] .
Then, the weight is represented as follows.
where p(X t |Z t ) can be given by,
Thus, the weight is represented as follows.
For Ith particle in the t time,
To simplify w i t , the reference distribution of the importance probability can be chosen from prior as
Then,
From the above deduction, the pseudo-code of the sequential importance sampling is expressed as shown in Tab. I. 
4. Output state:
G. Resample When a single sample has an extremely dominant weight, this will emerge degeneracy in the transmission procession of the particles. Because the particles are keep according to their weight, the good particles will continue to obtain the bigger weight while the bad particles will be to diminish. The distribution will lost the diversity so that the distribution is not well represented anymore in the end. Thus, the resampling is needed to stop the degeneracy so that the weight distribution is set to uniform. As shown in Fig. 2 , the particles that have higher weights have a greater to be selected. Because the particles with higher weights will be selected multiple times. The pseudo-code of the particle filter is summarized in Tab. II.
III. EXPERIMENTAL STUDIES
In the experiment, the Kinect sensor was used to acquire the 3D point cloud data of the scene. The experiments were performed on the computer which had an Intel fourthgeneration Core i5-4460 @3.20GHz Processor with 8GB RAM. The development environment was Microsoft Visual Studio 2013. In order to ensure the applicability of the proposed method, the experiment was carried out by different experimenters.
At the initialization step, the RGB frame and depth frame were synchronized. Because the frame size of the RGB frame is 1920 × 1280 pixels while the size of depth frame is 512 × 424 pixels, the calibration functions were used to map two coordinate systems into a single one. After initialization of the target region, the region was expressed by an 12-tuple state vector, as follows. where (x, y), (x 0 , y 0 ) and (x p , y p ) was the center of the region at time t, the original region and the previous region respectively. s and s p represents the scale of the region at time t and the previous region respectively. width was the width of the current region, height was the width of the current region, histogram is the color histogram in the current region.
Through using the movement dynamic model of human, the velocity and the direction of a human can be estimated. The motion model of the person was as follows [25] . 
4. Output state: Fig. 3 . The results of tracking two walking persons using the particle filter based on the color histogram. (a)-(f) represented the results of the particle filter, as shown in the red bounding box, (g)-(l) were the point cloud data.
where Λ t represents a vector including the center of the region and the velocity of the particles, i.e., {X t , Y t ,Ẋ t ,Ẏ t }. W t represents the noise. Then, the two parameters were utilized to improve the prior distribution of the particles. In this experiment, the relationship between velocity and the property of the bounding box was as follows [25] . The weight of each particle was updated according to the likelihood which was obtained through comparing the color histograms. The Mahalanobis distance was used to judge the likelihood. As shown Fig. 4 , the particle with the red circle has the higher similarity than that with the yellow circle through comparing the region of the particle with the original region. Thus, the particle with the red circle will have the bigger weigh.
The point cloud data of the object can be acquired through the particle filter. First, the Kinect sensor was utilized to obtain the point cloud data of the environment scene. The RGB image was drawn through using the color camera in the meantime. Then, the particle filter was proposed to tracking the person through utilizing the RGB image. Second, we can get the 2D bounding box and the 2D bounding box was converted to 3D bounding box through the camera calibration so that the 3D point cloud data of the human body is acquired. 
IV. CONCLUSION
In this paper, a method to track an object and acquire the 3D point cloud data of the object is proposed. A robust Bayesian framework was designed in this method for visual tracking of human motion. First, a 2D bounding box is acquired through the particle filter. Second, the mapping of the coordinate relation between RGB image and point cloud data is realized through the camera calibration. Then, the 2D bounding box was converted to 3D bounding box. In the end, the 3D bounding box is utilized to acquire the point cloud data of the object. This method is carried out by the relationship between movement model of a person and propagation model of the particles. The experiment results demonstrate that the method can offer a faster convergence of estimate. In addition, the prior distributions of the particles at each sample are defined based on the color histograms of the human body. In the future work, we will implement algorithms to compress the 3D point cloud data.
